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Abstract :Artificial neural networks(ANN) have been used successfully in applications such

as pattern recognition, image processing, automation and control. Majority of today's
applications use backpropagate feedforward ANN. In this paper, two methBdsatternL

layer ANN learning onN X NRMESH have been presented. One required memory space of
O(nL) but conceptually is simpler to develop and the other uses pipelined approach which
reduces the memory requirementQf.). Both of these algorithms tak&(PL) time and are
optimal for RMESH architecture.
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1. Introduction

The artificial neural networks(ANN) are very useful in applications such as pattern
recognition, image processing, automation and control. Majority of today's
applications use backpropagate feedforw&NN. In this paper, we il focus on the
algorithm development of backpropagate feedforward ANN on reconfigurable mesh
with buses[9]. An ANN consists of three types of layers in general, i.e., input layer,
hidden layers and output layer. The total number of layers can be different for
different applications. There are nodes(neurons) on each layer which connect to the
input from the input interface or from the nodes of previous layer, and to output layer
or the next layer. Assiated with the arcs which connect two nodes are weights. The
weights of the ANN can be changed during a learning process. For instance, during a
supervised learning, input patterns are presented #@Nheand the actual output is
compared with an expected output. The error, which is the discrepancy between the
actual output and expected output can then be used as a guide to modify the weights.
The weight modifications can be done through backward propagation of errors form
the last layer back to the input layer. Mgt be the weight connect nodéorm layer

| to nodej of layerl+1. Assuming that the output of nodén the forward phase is
0,and output from nod¢ is o, . If the learning rate is. The backpropagation

formula to modify the weightV, would be as the following
AW, =y 0,0,(1-0,)B,
B, = gvvjkok (1-0,)B, , for nodes in hidden layers,
B, =d_-—o, for nodes in the output layer, whedgis the desired
output ando, is the observed output. Let us call, the error.

In the forward phase, the output of a node will be multiplied with the

weights of its outgoing arcs. Each one of these multiplication results contributes to
the input of the nodes in the next layer. To determine the output of a node, an



activation function can be used which will generate an output by taking into account
of al the contributions from its input links. One simple method is to add together all
itsinput and then apply a threshold function to generate the output for that node. The
collection of these outputs on each layer are called the Activation values of that layer.
In the backward phase, the errors and all the Activation values for a particular
pattern is used to determine how much the weights shall be modified.

The learning process is an iterative operation. In the forward phase, the
input patterns are fed into the input layer. Each hidden layer does the computation
and forwards the Activation values to the next layer. The output layer computes the
errors. These errors will then be backpropagated, by using the backpropagation
formula mentioned earlier back to the input layer. The modification of the weights
can be done, during backward phase, on the arcs connect the nodes of the layers.
The weights can be modified each time a pattern has been processed, or when a
group of patterns has been processed, or when al the patterns have been processed.
For the last two approaches, the weight changes can be added together and weights
are updated after al patterns has been presented to the ANN. For paralld
implementation concerns, the modification of weights in general will be done after
one iteration of feeding all patterns. The learning process will be terminated when
the total error is within an acceptable level or when the limit of the number of
iterations has been reached. The learning process of an ANN is very time
consuming. For an ANN with L layers and n nodes each, assuming complete
connection among the nodes between two adjacent layers, and P patterns, the run

time for oneiteration would be O(PLn?) . In this paper, we assume P >> n.

El-Amawy and Kulasinghe mapped feedforward ANNs onto multiple bus
systemg5]. Kumar, e. a. used wdl known checkboarding method to map the
backpropagation algorithms on hypercube and related architectureg11]. Malluhi et al.
presented algorithm mapping of ANN on hypercube machine by using pipdined
approach[16]. Lin, Prasanna and Przytula described paralld implementation of neura
networks on finegrain SIMD MESH[15]. Chu and Wah mapped feedforward ANN on
message passing multicomputerg2]. Park and Thornbrugh trained the ANN by
partitioned the patterns among various processors, where coarse grain paraldiam is
used[18]. Chin et a. showed how the systalic array implementation of feedforward neural
ngs can run on MasPar MP-1SSMD maching1]. Hirawa e a., mapped the
backpropagation neura net on to atwo leve pipdine RISC processor array[8]. Ramacher
presented a neurocomputer architecture concept which can be easily adapted to the
application under consideration[19]. For systalic array implementation, Kung presented
the ANN implementation by using programmable systdlic ring arrayq12]. Chung et a.
presented 2-D systdloic array[3]. Lehmann presented a generic systalic array building
block for ANNg 14]. Lanser and Lehmann developed an analog CMOS chip for neural
networks with arbitrary topologied13]. Hammerstrom discussed a VLS architecture
caled X1[6]. Clarkson et a,. presented VLS pRAM chip to approximate biological



neuron[4]. A survey of using and designing massvely parald computers for artificia
networks can befound in [17].

In section 2, the architecture of reconfigurable mesh with busestRMESH) is
described. Section 3 collects the basic operations that are used in the development of
the algorithms. Two cases are discussed in section 4, one with memory space of
O(Ln) and the other O(L). Section 5 consists of the conclusions of the report.

2. Reconfigurable M esh with Buses (RMESH)

RMESH employs a reconfigurable bus to connect all processors. Figure 1 shows a

4x4 RMESH. The important features of RMESH are:

1. An NxM RMESH is a 2-dimensional mesh connected array of processing
elements (PES). Each PE in the RMESH is connected to a broadcast bus which is
itself constructed as an NxM grid. The PEs are connected to the bus at the
intersections of the grid. Each processor has up to four bus switches (Figure 1)
that can be used to reconfigure the bus into subbuses. The ID of each PE is a pair
(i,]) whereiistherow index and j is the column index. The ID of the upper
left corner PE is (0,0) and that of the lower right oneis (N-1,M-1).
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Figurel A 4x4RMESH
2 There are up to four switches associated with a PE are labeled E (east), W

(west), S (south) and N (north). Two PEs can simultaneously set or unset a
particular switch as long as the settings do not conflict. The broadcast bus
can be subdivided into subbuses by opening some of the switches.

3 Only one processor can put data onto a given sub bus at any time.

4 In unit time, data put on a subbus can be read by every PE connected to it. If
a PE isto broadcast a value in register | to all of the PEs on its subbus, then
it uses the command broadcast(l).

5 To read the content of the broadcast bus into a register R, the statement R =
content(bus) is used.
6. Row buses are formed if each processor disconnects (opens) its S switch and

connects (closes) its E switch. Column buses are formed by disconnecting
the E switches and connecting the S switches.



3. Basic Data Manipulation Operations

In this section we define several basic data manipulation algorithms9] for RMESH
multicomputers. These are used in the next section to develop algorithms for
backpropagation feedforward ANN.

3.1 Diagonalization
This operation will move the specific row (column) elements to the diagonal position
of a specified window which contains that row (column). It takes O(1) time.

3.2 Data Sum
Initially, each PE of the NxN RMESH has an A value. Each PE is to sum up the A
values of all the N? PEs and put the result in its B variable. I.e., following the data

N-1N-1

sum operation we have : B(i,j)=> > A(i,j),0<i,j<N. This can be done in
=0 j=0
O(logN) time

3.3. Shift

Each PE hasdatain its A variable that is to be shifted to the B variable of a processor
that iss, s > 0 unitsto the right but on the samerow. One of the variant of the shift
is the operation of circular shift which performs shift with wrap around feature.
These operations can be done in O(s)time. If s=1 then the time becomes O(1).

3.4. Consecutive Sum

Assume that an NxN RMESH is tiled by 1xM blocks (M divides N) in a natura
manner with no blocks overlapping. So, processor (i , j ) isthe j mod M'th processor
in its block. Each processor (i , j ) of the RMESH has an array X[0..M-1](i , j ) of
values. If j mod M = q , then PE (i , j ) is to compute S(i , j ) such that

S(i,) = 3. X[a](i,(j / M)* M +1) .That is, the qth processor in each block sums

the q'th X value of the processors in its block. The consecutive sum operation can be
donein asimilar way for an M x 1block and its time complexity is O(M).

4. Backpropagation on RMESH

Assuming the ANN considered has L layers and each layer consists of n nodes, and
the dimension of RMESH is N x N . Because the computation of backward phaseis
similar to forward phase. Let us consider basic procedures for forward phase.

First of all, let us consider an ANN with the number of nodes on each layer
is n and n=N, Note that the dimenson of RMEAH isN x N . Further assume
P >> Ln, Lnisthe tota number of nodes of the Neural network, and P is the total
number of patternsinvolved in the training. Assuming that the PEs with indices (0,0)



to (N-1, 0) are connected to the input interface of the system and can retrieve the
pattern input and expected(desired) output from this interface. Let input(p,i) be the
ith input value of pattern p. Further assume that each PE has L weights associated
with it. The PE(i,j) holds ANN weights of W,[k],0<i,j<N,0<k<L-1 The

checkboarding method used by Kumar et. al. [11] can be implemented on RMESH
and the complexity is O(PLIogN) for one iteration of learning process 10]. Two new
methods are developed which improve the time complexity to O(PL). We will first
present procedure which requires O(nL) space and later present another procedure
which reduces the space to O(L).

With O(nL) space being available, we can partition the P patterns into
[P/ n[] groups with each group holds a maximum of n patterns. Instead of

processing one pattern at a time, we process a group of patterns at a time. The
procedure is shown in Figure 2. Since the backward phase computation is similar to
the forward phase, we omit the detail here. Without loss of generality, let us assume
n divides P.

Step S1.1.0 reads in the input data and the desired output data of the
patterns. The values will then be distributed to the processors that need them
through row buses and the broadcast operations(Step S1.1.1 to S1.1.4). The
operations will be done n times for all the n patterns in this group. Since all these
operations take O(1) time, therefore the total time complexity for n patterns is O(n)
and for al the P patterns would be O(P). Stepl.2 does the forward phase
computations. Step S1.2.2 sums up the results of multiplying the activation values
by the weights toward the nodes of next layer in the chain of the network. It takes
O(n) time for n processors in the row. Step 1.2.3 applies threshold function F to the
total input to generate and prepare the activation values for the next layer
computation. Steps 1.2.5.1 and S1.2.5.2 broadcast the activation values to the
processors which must have them. They take once again another O(n) time. Since
there are O(L) layers, the total complexity would be O(nL) for step S1.2. Because step
S1.2 will be done O(P/n) time, so the total time complexity would be
O((P/n)mL) = O(PL) which is optimal for RMESH architecture. Yet the overall

space complexity is O(nL).

Now, let's consider the case when the available memory space is limited to
O(L). The procedure in Figure 3 presents the computation of activation outputs for a
particular layerk. This is done by using a pipelined approach. Let us assume the
activation values oh patterns are distributed among the processors as shown in
Figure 4. Here four patterns are considered. So, a total of sixteen activation values
are presented at the time of forward computation. This procedureQéResme to
compute the result. As discussed earlier the input activation values have to broadcast
to all the processors which must have them for performing the multiplication with
the weights which are distributed to each processor initially. The weights associated
with the PEs will be broadcasted by using the pipelined method as shown in Figure



5. Here seven broadcasts are needed which are numbered as 0 to 6. To broadcast
these sixteen weights. At iteration zero W will be broadcast through row bus to

processors which need them to perform the multiplication with the Activation
values. More specifically, Ay xW,, Ay xW,, A, xW,, A, xW,  will be
computed at thisiteration. At iteration one, W, of row 1 and W,, of row 2 will be
broadcasted by using row buses. At iteration two, the broadcasting of W,, W, , W, ,
... Finally at iteration six, the broadcastingWwf, .

SO for k=1toL-1doAWK] =0;

S1 foo m=0toP/n-1do

begin
S1.1  for p =0 ton-1in mth groupdo
begin
S1.1.0 PH(0) read input[p,iland output[p,i], from (mn+p)th
pattern, forO<i < N.
S1.1.1 Setup row bus, HH)) broadcastifiput[p,i]), 0<i <N
S1.1.2 A p0(, j) = content(bus), 0<i,j<N
S1.1.3 PH(0) broadcasfoutput[p.i]), 0<i < N
S1.1.4 desirecbutput[p] (i,j) = content(bus), for i = |
end
S1.2  for k=0toL-2do
begin

S1.2.1for p= 0ton-1do
TLpI(, j) = ALK](, j) xWIK](I, j), for O<i, j<N
S1.2.2 Consecutive_sumTmp](i, j)
S1.2.For p=0ton-1do
Alp, k+1](i,j) = F(T[p] (i.))), O<i,j<N
S1.2.4 Setup row bus
S1.2.50r p=0ton-1do
begin
S1.2.5.1 Broadcas[p, k+1](i,j)), for PEs withi = |
S1.2.5.2A p,k+1(, j) = content(bus) ,0<i,j <N
end (* of compute activation values for n patterns *)
end (* of forward computation *)
S1.3 for p=0ton-1do
Ap, L-1(, j) =desired_output[ p](i, j) — A p, L-1(, j),for i = j

Figure2 ANN Forward phase compation when @1L) space is available

In Figure 3, Steps 1.1 to 1.3 broadcast weights through row buses. Step 1.4 computes
W x Aon each node. Steps 1.5 and 1.6 determine which nodes are supposed to send
and/or receive tokens. If a PE needs to send a token then at Step 1.7 a shifiroper

will be performed to send the accumulatéd Ato the PE immediately below it.

Step S2 is slightly different from S1. At this stage the new activation values for the



next layer will be generated. These values will be stored to the appropriate PES
through column buses and broadcasting operations. Steps 2.4 to Step 2.11 are similar
to Stepl.1 to Stepl.8. Finally at Step 3, the last activation values are stored to the
PEs of the bottom row which do not involve any broadcast operation.

Procedure Forward_Computation(layer)

begin

D(i,j) = 0;

S1 for k=0ton-2do
begin
S1.1  Setup row bus
S1.2  Broadcast W(i,j), for i +j =k
S1.3 C(i, j) = content(bus) ), for i < k
SL4  T(@,j)=C(,j)x Alayer](, j) +D(, j), for i<k
S1.5 if i<k thensend token(i,j) = true
S1.6  if (i>0)and (i <k+1)thenreceive token(i,j) = true
S1.7  if send_token(i,j) then shift(DOWN, T, 1)
S1.8  if receive_token(i,j) then D(i, j) = content(bus)
end
[* at this point, row n-1 has first completed activation value of pattern ) for
next layer */

S2 for k= n-1to 2(n-1) do
begin
S2.1  Setup column bus
S22 PE(n-1,j) broadcast (T(i,}))
S2.3 Allayer](k —n-1) = content (bus)
S2.4  Setup row bus
S2.5  broadcast W(i, j)for i+j =k
S2.6 C(i, j) = content(bus) , for i > (k +2)%n
2.7 T(,j)=C(, j)x Alayer](, j) + D(, j), for i >(k+2)%n
S2.8  if (i>(k+1%n)and | (i!=n-1) then send_token(i,j) = true
S29  if (i > (k+2)%n) then receive_token(i,j) = true
S2.10 if send_token(i,j) then Shift(DOWN, T, 1)
S2.11  if receive_token(i,j) then D(i, j) = content(bus)
end

3 A[layer +1](n-1, j) = D(i, j) I* last row */
end; (* of procedure Forward _Computation *)
Figure3 Computation of Activation values for layer k+1 give the activation

values at layer k
Since the shift operation of Step 1.7 and Step 2.10 take O(1) time, the total time
complexity is O(n) which handles the computation of one layer. Therefore for a L
layer ANN, the time complexity would be O(nL). Because the P training patterns can



be partitioned into P/n groups and processed separately, the total time complexity is
therefore O(PL). The space requirement is easily seen to be O(L).

5.

Conclusions

Two methods of P pattern L layer ANN learning on N X NRMESH have been
presented. These two RMESH algorithms have the same time complexity of O(PL)
which is optimal for RMESH architecture.. One with space complexity of O(nL) but
conceptually is simpler to develop and the other uses the pipelined approach and
reduces the space complexity to O(L).
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Figure4 The distribution of Activation values of four patterns on RMESH
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Figure5 The broadcasting of sixteen weight values through row bus by
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